Abstract-This study aims at estimating the human walking speed using wearable accelerometers by proposing a novel virtual inverted pendulum model. This model not only keeps the important characteristics of both the biped rolling-foot and the inverted pendulum model, but also makes the speed estimation feasible using human body acceleration. Rather than using statistical methods, the proposed kinematic walking model enables calibration of the parameters during walking using only one tri-axial accelerometer on the waist that collects the user's body acceleration. In addition, this model also includes the effect of rotation of the waist within a walking cycle, which improves the estimation accuracy. Experimental results for a group of humans show a 0.58% absolute error mean and 0.72% error deviation, which is far better than the results of other known studies with accelerometers mounted on the upper body.
I. INTRODUCTION
T HE use of accelerometers worn on the body to quantify human movement is increasingly popular in recent years. Task-specific studies that use single or multiple bodymounted accelerometers were reported to quantitatively measure the functional performance of gait cycles [1] , [2] . While acceleration data are useful for examining basic temporal-spatial gait parameters for clinical applications, they also provide personal activity information that benefits technological development in health care and pervasive computing [3] . Among the various gait parameters estimated from body acceleration, walking speed can also be used as an odometer for localization for humans (e.g., combined with a wireless sensor network). It performs better than step counts using a pedometer [4] . The authors in [5] collected some researches and carried out a comparison of five methods of accelerometer-based estimation of the step length in straight-line human walking.
There are two different kinds of methods of estimating walking speed: signal based and model based. The signal-based approaches use either statistical regression with offline parameters calibration or training via an artificial neural network (ANN). * J.-S. Hu is currently a Professor in the Department of Electrical and Control Engineering, National Chiao Tung University, Hsinchu 300, Taiwan, ROC (e-mail: jshu@cn.nctu.edu.tw).
K.-C. Sun and C.-Y. Cheng are with the Department of Electrical and Control Engineering, National Chiao Tung University, Taiwan, ROC (e-mail: gcs.ece98g@nctu.edu.tw; metaryx.ece00g@gmail.com).
Digital Object Identifier 10.1109/TBME.2013. 2252345 Aminian et al. [6] used a tri-axial accelerometer placed in a waist belt (located on the back) and a single-axis accelerometer fixed on the top of the right heel to record body accelerations during walking. Two neural networks were implemented to estimate the incline and the speed of walking. Schutz et al. [7] put a tri-axial accelerometer on the chest to measure the stride time and applied two neural network models: one for determining whether the subject walks or runs, and the other with different node interactions to estimate stride length. Song et al. [8] presented a regression method under a Gaussian process. They proposed a nonlinear, nonparametric regression framework to estimate walking speed using inertia sensors like an accelerometer and a gyroscope. He and Zhang [9] proposed the use of a portable device with a tri-axis accelerometer, and an ANN was trained to estimate the average walking speed. Kourogi and Kurata [10] observed empirically that the differences between the positive and negative peaks for vertical acceleration and forward direction have a strong correlation with walking velocity. The results from linear regression indicate that the slope is dependent on the individual person. The methods mentioned previously require minimal knowledge of human walking but they suffer from the criticism of formal justifications. Another direction is to apply the integral relation among acceleration-velocity-position to observe the stride as well as the walking speed. The most successful method is to use a foot-mounted accelerometer and gyro to perform strapdown integration to avoid the drifting problem [11] , [12] . This zero velocity updates (ZVUs) idea was also proposed in [13] using an extended Kalman filter (EKF). Combined with other sensors (such as GPS), the method is able to achieve 0.3% positioning accuracy in 3-D localization. The ZVUs are effective due to the swing-stance cycle of both legs but cannot be applied on sensors mounted on other parts of the human body.
Very few works consider the characteristics of the modelbased kinematic walking models to estimate walking speed. Bishop and Li [14] used two shank-mounted accelerometers to take advantage of the inverted pendulum-like behavior of the stance phase to estimate the walking speed. For biped walking, the inverted pendulum model is the simplest one for analysis of the kinematics or energy-spending sequences. The authors in [15] explained that human walking behavior can be modeled as an inverted pendulum, which reduces both muscle force and work demands during single support. The authors in [16] improved the inverted pendulum model by considering the effect of foot length, and this was proved by experiment result. The authors in [17] presented the advantages of the rolling-foot Fig. 1 . [18] This series illustrates the individual and additive effects of three kinematic strategies to reduce vertical displacement of the COM: (a) illustrates the large vertical oscillation of the COM while a person walks like an inverted pendulum; (b) illustrates that further reduction of the downward displacement of the COM is achieved by rotation of the ankle and knee, and the effects are combined into the rolling-foot model; and (c) illustrates that rotation of the pelvis in the horizontal plane functionally lengthens the lower extremities and reduces the magnitude of the hip flexion-extension angle required for a given step length, thereby reducing the downward displacement of the COM, where
effect in human walking. Moreover, Neumann [18] pointed out that the vertical displacement of the COM (center of mass) is reduced to save energy during a walking cycle. That is, for a given stride length, the pure inverted pendulum that results in a large vertical displacement may not be a good model to describe walking. In reality, a human combines rolling of the ankle and knee and rotation of the waist to reduce the displacement of the COM as shown in Fig. 1 . This paper develops a kinematic walking model and proposes a method for estimating speed (in the same way as stride distance by integrating the speed). The model allows us to estimate the speed using accelerometers mounted near the COM (the center of the waist). The idea of a virtual inverted pendulum, derived from the rolling-foot model [15] - [18] , is presented. Moreover, this model is improved by considering the waist rotation effect. As a result, the acceleration perpendicular to the sagittal plane is included to enhance the estimation accuracy. Interestingly, it is found out that the accelerations in the forward and vertical directions can be used to compute the radius of the rolling foot, which leads to the speed estimation. And this observation provides an explanation of the positive and negative peaks for vertical acceleration and forward direction having a strong correlation with walking velocity in [10] . The nonlinear kinematic model is estimated using an unscented Kalman Filter. Experimental results for a group of 20 persons show the effectiveness of the proposed method.
II. KINEMATIC WALKING MODEL FOR SPEED ESTIMATION

A. Review of Human-Walking Model
Theoretical and experimental works on human walking have been extensively studied over the past century. A majority of works used the inverted pendulum model because it can describe the general pattern of mechanical energy fluctuations of the body during walking [19] . The COM vaulted over the rigid stance limb like an inverted pendulum. This made the COM travel along a circular arc instead of along the flattened trajectory depicted by the gait theory of six determinants [15] . The flattened trajectory was proposed based on the conjecture that vertical movement of the COM is energetically costly. However, experimental results showed that humans expend more metabolic energy to voluntarily reduce vertical displacement of the COM compared to their normal gait [20] . It was also shown that the simple inverted pendulum model can be used to describe the gait transitions in terms of energy expenditure and work done on the COM [21] .
Research was done to modify the vertical displacement of the COM in the perfect inverted pendulum model [16] . In [16] , a constant-length virtual stance limb with a forward-translating point of force application (PFA) is assumed. It was found that the reduction of the COM vertical displacement is still unable to match the measured data. A further modification is to assume that the virtual stance limb is compressed in the stance phase. The compression is proportional to the walking speed. Another direction is to consider the rolling of the foot like a wheel during each walking step [17] . The rolling-foot model results in a modification of the inverted pendulum whereby the center of rotation should be at a distance above the point of contact with the ground. The distance was characterized as ρL, where L is the length of the leg and ρ is a ratio (0 ≤ ρ ≤ 1) that varies among individuals. The work in [17] shows that the minimum value of ρ required to decrease the net metabolic rate is 0.3. All of the works mentioned focused on studying the energy exchange mechanism, the force reaction on the ground, the metabolic rate, and so on. No efforts have been made to derive a kinematic model that could be utilized to estimate the walking speed through inertia sensor measurement. However, the experimental data and qualitative explanations provide basic guidelines for developing the model for estimation. In this study, the walking-speed estimator is based on the rolling-foot model of [17] as depicted in Fig. 2 . 
B. Proposed Virtual-Center Walking Model
The stance time T defined in Fig. 2 is the duration between the initial contact (TC, the heel-down) and terminal stance (TST, toe-off). The angle α is the maximum swing angle of the leg and is identical for both legs. Further, it is assumed that the angle is the same for TC and TST. The leg remains stiff during the inverted pendulum swing and the rotation center is located at a distance L above the ground in the z-axis as indicated in Fig. 3 . In the sequence, the x, y, and z coordinates are referred to as the directions perpendicular to the coronal, sagittal, and transverse planes in the human anatomical planes, respectively. The geometrical relation in Fig. 2 leads to α = ϕ, the length of the foot is b, and the following relation can be established:
To facilitate the walking-speed estimation, a new model is proposed to approximate the trajectory as indicated in Fig. 4 . It is assumed that during the stance stage, the leg rotates around a point located below the ground (point G in Fig. 4) .
The COM trajectories in the z-direction (see Fig. 4 ) can be derived for the three models explained previously.
1) Inverted pendulum: 3) Virtual center: c 1 cos γ + (c 1 cos γ − c 2 )
where
The vertical fluctuation of the COM versus the leg length during stance is plotted for the three models in Fig. 5 . The ratio ρ is 0.3 as explained in [17] , where the metabolic rate reaches a minimum. It is shown that the inverted pendulum has a larger fluctuation and the proposed virtual center model is close to the rolling-foot one (in Fig. 5 , the rolling and proposed lines are almost the same).
C. Parameter Estimation Using the COM Acceleration
A method of estimating the length of the virtual leg (L in Fig. 4) is presented below. The estimation is based on the acceleration measurement at the COM over a complete stance cycle. Assuming that α ≈ ϕ and AB + BG = L in Fig. 4 , we have
Therefore,
Approximating sin(γ) and cos(γ) by a Taylor series and keeping the first-order result, the following relation (4) is established, and 0 ≤ γ ≤ α:
The average tangential velocity u under the rolling-foot model can be approximated by
where T is the stance duration. From (1) and Fig. 3 , the COM velocity in the x-direction and z-direction can be derived as
where t = 0(IC) ∼ T (T ST ). The corresponding acceleration is
It is obvious that
Substituting (1) and (5) into (10) results in (11) can be rewritten as the following:
Since c is a positive number, (12) has only one real root located within [0, 1], as shown in (13) . The solution is then used to compute α from (1) and γ from (4). Subsequently, the length of the virtual leg L can be found from (2)
D. Proposed 3-D Walking Model
The walking model explained previously considers the rotation of the COM in the y-direction which results in the fluctuation of acceleration in the x-direction. However, experimental data also show the rotation of the whole human body in the other two directions [18] , [22] . The authors in [23] puts two 6D IMU(Inertial Measurement Unit) devices on the shoe-heels to record inertia data and describes the validation for assessment of 3-D spatial parameters of gait, which is based on the computation of 3-D foot kinematics. In particular, the ground forces during walking create torque around the z-direction, making the pelvis rotate around the stance leg. Consequently, the COM also moves in the y-direction. This phenomenon is illustrated by the top view of the walking cycles in Fig. 6 . To include the COM motion in the y-direction, the virtual center walking model in Fig. 4 is extended to include the rotating motion of the pelvis as shown in Fig. 7 .
Using the homogeneous coordinate representation, the location of the COM relative to the virtual center G can be derived as Taking the time derivatives of (14) and assuming thatβ ≈ 0 andγ ≈ 0, the COM velocity V COM and acceleration A COM can be computed as
In normal walking, the ranges of β and γ are within ±0.17 rad. Therefore, a small-angle model is adopted by making sin(β) ≈ β, cos(β) ≈ 1, sin(γ) ≈ γ, cos(γ) ≈ 1. The average COM velocity is then computed by integrating V COM with respect to β and γ over a stance period
where v = − W 2β and u = L γ. The acceleration of (16) can also be simplified into It is obvious that
because β, γ ≈ 0, and sin 2 β + cos
Neglecting all the terms of the sixth order and higher of the angle β and γ, the following relation can be established:
Equations (17), (19) , and (20) form the basic formula for estimating the walking speed as described in the following section.
III. WALKING SPEED ESTIMATION ALGORITHM
The device for measuring the walking speed is a tri-axial accelerometer mounted at the center of the waist (see Fig. 8 ). It is easy to install the device by clipping it on a belt. The acceleration measurements (as depicted by Fig. 8 ) are preprocessed by a standard bias and gravity estimation algorithm to minimize their influences. Meanwhile, a low-pass filter (cut-off frequency at 3 Hz) is implemented to remove high-frequency noise that is irrelevant to the human body motion. It is assumed that the measurements are close to the COM acceleration signals even though it is not mounted exactly at the COM position. This will induce some errors and will be discussed in the experiments.
Equations (19) and (20) can be rewritten into a state-space formula to estimate both u and v as the following:
T is the parameter vector to be estimated and
T q(k) and d(k) are uncorrelated zero-mean Gaussian noise vectors with covariance matrices Q and R, respectively. The parameter L is obtained from (2) for each sample. Equations (19) and (20) can be estimated using the unscented Kalman filter due to its good performance in dealing with second-order nonlinearity. The computation procedure is listed below. 1) Time update and sigma point computation:
2) Measurement update:
IV. EXPERIMENTAL RESULTS
To verify the proposed algorithm, a group of 20 persons is asked to walk along a straight line four times with the device mounted on their waists. The walking distance is 38 m and the ground truth is obtained as the following. At the starting (ending) location, an external infrared sensor is installed to detect the passage of the human. The passage signals are transmitted to the measurement device instantaneously as time stamps for verification. In other words, the distance integrated from the estimated average walking speed between the two time stamps is compared with the actual distance of 38 m. The participants were asked to walk freely at their own pace under a normal situation. The initial conditions and parameter selections of the unscented Kalman filter are shown in the Appendix. A group of 20 persons was tested to validate the proposed method. Nos. 1 to 10 are male, and the rest are female. The leg length L, foot length b, and waist size W are measured manually as shown in Table I (under the "Nominal" column). Without calibrating the measurement errors, the proposed method yields an absolute average error of 3.36% and standard deviation of 2.33% (the "Before Calibr." column of Table I ). With respect to the measurement errors, the results indicate that our method is still competitive in relation to existing works as listed in Table II. To further enhance the performance, the test subjects were asked to walk four times, from which three records were used for calibration and the fourth to compute the accuracy. The calibration procedure was conducted by an exhaustive search of the optimal speed estimation error in the parameter space (L, b, and W ) limited by ±10% of the associated nominal values. As an example, Fig. 9 illustrates the distribution of the sum of mean square errors under the variation of L and b with a fixed W for one of the test subjects. The minimum error occurs at L = 1.06, b = 0.18, and W = 0.36. After calibration, the absolute average Fig. 9 . Distribution between sum of the square error mean and variation of L and b with a fixed W of subject No. 9 in Table I . error is reduced to 0.58% and the standard deviation to 0.72%. The absolute average errors for males and females are 0.52% and 0.65%, while the absolute standard deviations are 0.44% and 0.38%, respectively. From the comparison in Table II , the proposed method after calibration outperforms all the previous methods including the one using kinematic models.
The acceleration signal and estimated parameters of subject No. 7 are shown in Fig. 10 . The walking speed estimation is equal to u plus v. In this case, the means of u and v are 1.25 and 0.26 m/s, and the variances of u and v are 0.07 and 0.01, respectively. Note that the speed v, estimated from the rotation of the waist, contributes approximately 17% of the total speed. Fig. 11 shows the value of ρ [see (13) ] of six different subjects under normal walking. The average values for all cases are approximately 0.29, which is close to the observation in [17] for minimum metabolic rate. However, the value of ρ does not remain constant during the entire walking cycle. Some of the data are deliberately selected to have approximately the same velocity, such as Nos. estimation, it is still too early to say that the pattern may reflect distinct gait characteristics for each individual. This could lead to interesting observations and is currently under investigation.
Two test subjects were asked to walk at lower and higher speeds. Fig. 12 depicts the relation among different walking speeds and associated estimation errors. The error is increased when the speed is away from the normal range. Note that the variation of the mean and standard deviation of ρ is very small (within the range of 0.01 and 0.0001). This indicates that adjusting the rolling-foot radius cannot describe the walking behavior well at lower and higher speeds. Further, investigation is underway to consider combinations of different gait patterns for a more accurate prediction.
V. CONCLUSION
A human-walking speed estimation algorithm is presented which uses only acceleration signals at the center of the waist. The algorithm is based on a kinematic model which combines the inverted pendulum model and the rolling-foot behavior into kinematic equations. In addition, the effect of waist rotation is also considered to achieve a more accurate estimation, and this extends the walking model into a three conjunction rod structure to describe the walking behavior approximating the practical case. The advantage of the proposed method, compared with learning methods or statistical regression, is that a training procedure is not needed. Experimental results from 20 subjects show the effectiveness of the proposed method in the normal walking-speed range, where a 0.58% mean error and 0.72% standard deviation are achieved. The result also confirms that the average ratio of the rolling-foot radius to the leg length achieves the minimum metabolic rate. However, variations of the ratio during a walking cycle reveal different patterns for different individuals. Modifications of the proposed method to extend the speed-estimation range are currently under investigation.
APPENDIX INITIAL CONDITIONS AND PARAMETERS OF UKF
The initial conditions and parameters chosen for the unscented Kalman filter are as follows. The state initial conditions are set to zero. The measurement covariance matrix is set according to the standard deviation of accelerometer signals in the stationary condition. The process noise covariance matrix has equal weight for both states and the scale is equivalent to the measurement covariance. In this way, the state update will follow the measurement closely as explained and other parameters are selected following the work in [27] and [28] . , i = 1, 2, ..., 2L UKF
